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Abstract Statins are commonly used for reducing
cardiovascular disease risk but therapeutic benefit and
reductions in levels of low-density lipoprotein cholesterol
(LDL-C) vary among individuals. Other effects, including
reductions in C-reactive protein (CRP), also contribute to
treatment response. Metabolomics provides powerful tools
to map pathways implicated in variation in response to
statin treatment. This could lead to mechanistic hypotheses
that provide insight into the underlying basis for individual
variation in drug response. Using a targeted lipidomics
platform, we defined lipid changes in blood samples from
the upper and lower tails of the LDL-C response distribu-
tion in the Cholesterol and Pharmacogenetics study.
Metabolic changes in responders are more comprehensive
than those seen in non-responders. Baseline cholesterol
ester and phospholipid metabolites correlated with LDL-C
response to treatment. CRP response to therapy correlated
with baseline plasmalogens, lipids involved in inflamma-
tion. There was no overlap of lipids whose changes cor-
related with LDL-C or CRP responses to simvastatin
suggesting that distinct metabolic pathways govern statin
effects on these two biomarkers. Metabolic signatures
could provide insights about variability in response and
mechanisms of action of statins.
Keywords Cardiovascular disease  Lipidomics 
Metabolomics  Pharmacogenomics 
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1 Introduction
Statins or HMG-CoA reductase inhibitors are used to treat
or prevent cardiovascular disease (CVD), which affects
over 64 million Americans and remains the leading cause
of death for all major ethnic groups in the U.S. (AHA
2004). Statins are the largest single class of drugs pre-
scribed for CVD prevention, with over 120 million pre-
scriptions and over $13 billion in sales in 2003 (Lawrence
and Zaugg 2004). Several clinical trials including Scandi-
navian Simvastatin Survival Study, Cholesterol and
Recurrent Events, and Jupiter (Baigent et al. 2005; Ridker
et al. 2008; Zhou et al. 2006) have demonstrated the ben-
eficial effects of statin therapy for primary and secondary
prevention of CVD. The primary clinical rationale for
statin use is to reduce low-density lipoprotein cholesterol
(LDL-C) and, thereby, to reduce CVD risk (Grundy 2001).
This effect is due in large part to increased LDL and
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intermediate-density lipoprotein (Neidlinger et al. 2006)
clearance as a result of the up-regulation of LDL receptors
(Bilheimer et al. 1983).
Intervention trials with statin drugs have demonstrated a
remarkable degree of consistency in their ability to reduce
risk for both CVD and stroke (Grundy 2001; Grundy et al.
2004) nevertheless, in all of these trials, residual CVD risk
remains high (60–75%), and potential drug-related toxicity,
while infrequent, is a significant concern. Response to
statins varies among individuals, and mechanisms of
interindividual variation in response remain poorly under-
stood with no validated biomarkers that can adequately
predict outcome. Several studies, including the cholesterol
and atherosclerosis pharmacogenetics (CAP) have dem-
onstrated a wide range of lipid and lipoprotein responses to
statin therapy (Simon et al. 2006) with decrease in LDL-C
for a given statin ranging from less than 5% to greater than
60%, even when compliance is taken into account. Similar
variation has been observed for other statin effects that
can contribute to CVD outcomes, including reductions in
triglyceride and very low-density lipoproteins (VLDL),
increases in high-density lipoproteins (HDL), and reduc-
tions in the inflammatory marker C-reactive protein (CRP)
(Sathyapalan et al. 2008; Bonnet et al. 2008; Ridker et al.
2008).
Since the correlation between statin-induced reductions
in LDL-C and CRP is weak (r = 0.13) (Baigent et al.
2005), the variation in CRP response cannot be explained
by LDL-C alone. Patients receiving statins have lower
event rates than predicted by their achieved LDL-C, raising
the possibility of distinct mechanisms beyond cholesterol
reduction (cholesterol-independent effects). Some choles-
terol-independent or ‘‘pleiotropic’’ beneficial effects of
statins include: improvement of endothelial function,
reduction of platelet activity, stabilization of atheroscle-
rotic plaques, antioxidant, anti-inflammatory and immu-
nomodulatory effects (Jasinska et al. 2007). Many of these
pleiotropic effects might be mediated via inhibition of the
L-mevalonic acid pathway, blocking the synthesis of
isoprenoid intermediates.
Lipidomics, or global mapping of metabolites, offers a
means of identifying markers that may be indicative of
pathways that modulate response to statin treatment. In this
study, we performed such analyses in pre- and post-treat-
ment plasma samples from 48 individuals selected from the
upper and lower tails of the distribution of LDL response to
simvastatin treatment in the CAP trial. Out of 300 lipids
measured within seven lipid classes, we identified lipids
whose baseline concentrations predicted statin-induced
changes in LDL-C and CRP, and also examined correla-
tions of these changes with changes in the lipidomic
measurements. In this manner, we were able to identify
distinct lipid signatures for statin effects in subjects who do
and do not respond significantly to treatment as defined by
changes in on these two CVD risk markers.
2 Materials and methods
Samples were selected from the Cholesterol and Pharma-
cogenetics (CAP) Study, study, which was designed to
examine genetic and non-genetic factors affecting the
response to simvastatin therapy among African-Americans
and whites. With response to therapy defined as the per-
centage change in LDL cholesterol after treatment, a group
of 12 ‘‘good’’ responders were selected at random from the
top 10% of responders in the CAP study and matched for
body mass index, race, and gender to 12 subjects in the
lowest 10% of responders, considered ‘‘poor’’ responders.
The sample size was calculated for each metabolite, based
on variability found in previous metabolomics studies, at a
fixed significance (a = 0.05) and power (b = 0.8). Twelve
subjects per group were selected to provide 10–50 signif-
icant metabolite differences between the groups. The initial
analysis was conducted to generate hypotheses of possible
differences between good and poor responders. A second
set of good and poor responders was selected and analyzed
separately, for a total of 24 good and 24 poor responders.
Data from each set are presented as supplemental material.
The subjects in the two groups were selected at random so
the data could be analyzed as a combined set. Since the
main findings did not differ significantly between the two
subgroups, the data sets were combined to increase the
sample size and power, analyzed, and the results presented
in this paper.
The study population has been reported previously
(Simon et al. 2006). Subjects were 944 participants, aged
60 years, with a baseline total serum cholesterol level of
160–400 mg/dl. Participants were followed for a total of
6 weeks on simvastatin therapy (40 mg at bedtime) and
were seen at clinic visits conducted at 2-week intervals.
Blood specimens from each subject were obtained after
overnight fast at baseline and 6 weeks of therapy.
An assessment of plasma lipid profiles was performed,
as described previously (Watkins et al. 2002). Quantitative
measurements of fatty acids in lipid classes were deter-
mined as nmol fatty acid/gram of plasma. SFA, MUFA,
PUFA, n3, n6, n7, and n9 fatty acid groups were calculated.
Metabolites were identified by the lipid class and the fatty
acid moiety, e.g. arachidonic acid in phosphatidylcholine:
PC20:4n6. Abbreviations for lipid classes are as follows:
cholesterol esters (CE), diacylglycerols (DG), free fatty
acids (FA), lysophosphatidylcholine (LYPC), phosphati-
dylcholine (PC), phosphatidylethanolamine (PE) and tria-
cylglycerols (TG), free cholesterol (FC), cholesterol (CH),
polyunsaturated fatty acid (PUFA), monounsaturated fatty
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acid (MUFA), saturated fatty acid (SFA), plasmalogen
(dm), total lipid class (LC), very low density lipoprotein
(VLDL), low density lipoprotein (LDL), C-reactive protein
(CRP).
In addition, fatty acids are identified first by the number
of carbons in the molecule (e.g. 20), the number of double
bonds in the molecule (e.g. 4), and lastly the position of the
double bonds (e.g. n6). Thus PC20:4n6 would be a phos-
phatidylcholine molecule containing a 20 carbon fatty acid
with 4 double bonds, at the n6 position.
Heat maps were created to visualize differences in
metabolites pre- and post-treatment and to evaluate corre-
lation among metabolites and drug responses. Data from the
paired t-tests were used for pre- and post-treatment heat
maps. For treatment effects significant at an a = 0.05, mean
percentage difference in the concentration of the metabolite
induced by treatment was calculated. The pre- and post-
treatment heat maps can be read as follows: the column
headers display the fatty acid and the row headers the family
of fatty acids present in each lipid class. Metabolites sig-
nificantly increased by treatment are displayed in red; those
decreased are displayed in green. Correlation heat maps
were created using the correlation analysis described below.
Treatment effects significant at a P \ 0.05 were included in
the heat map with blue as a positive correlation and yellow
as negative. The brightness of each color corresponds to the
magnitude of the difference in quartiles with the brighter the
square, the larger the difference. Spearman’s correlation
coefficients were used to assess relationships between pre-
treatment metabolites and baseline LDL or CRP concen-
tration. q-values were calculated for all correlation analyses
(Storey and Tibshirani 2003).
To test associations of metabolites with LDL-C, we
utilized Wilcoxon rank test to evaluate the differences
between good and poor responders pre-treatment, post-
treatment, and post-treatment minus pre-treatment, and
Spearman’s correlation coefficients to assess relationships
between metabolites and LDL-C or CRP. Metabolite
changes were defined as post-treatment minus pre-treatment
level. Lipid changes were correlated with LDL-C or CRP
response to treatment by calculating their Spearman’s cor-
relation coefficients with the post-treatment level of LDL or
CRP, adjusting for pre-treatment level. For predicting LDL
or CRP response to statin treatment, Spearman’s correlation
coefficients were calculated using pre-treatment metabo-
lites with post-treatment level of LDL or CRP, adjusting for
pre-treatment level.
Activities of enzymes involved in fatty acid synthesis
were estimated using product to precursor ratios: 18:3(n-6)/
18:2(n-)6 or 24:5(n-6)/24:4(n-6) for delta 6 desaturase;
20:3(n-6)/18:3(n-6), 22:4(n-6)/20:4(n-6)or 24:4n6/22:4
(n-6) for elongase; and 20:4(n-6)/20:3(n-6) for delta 5
desaturase. The graphic is displayed with activities or
metabolites significantly increased by treatment in red and
those decreased in green.
3 Results
With response to therapy defined as the percentage change
in LDL cholesterol after treatment, 24 ‘‘good’’ responders
were selected from the top 10% of responders in the CAP
study and matched for body mass index, race, and gender
to 24 subjects in the lowest 10% of responders, considered
‘‘poor’’ responders. Demographics for the two groups are
shown in Table 1. Because this is a select subgroup of
subjects, demographics vary slightly from the full study
population. Good responders were slightly older than poor
responders, with marginally higher initial cholesterol, HDL
cholesterol, ApoA1, ApoB, and CRP levels. The 48 sub-
jects in this analysis were older and included a lower
percentage of males and African Americans than the
remainder of the subjects from the top and bottom 10% of
subjects in the full study (Age: 52.93 ± 12.61, 55% male,
46% African American). CRP levels were not reported in
the original paper.
The effects of simvastatin treatment on concentrations of
seven lipid classes in the good and poor responder groups are
shown in Fig. 1. The good responders showed decreases in
concentrations of CE, FC, PC, and PE while both good and
poor responders decreased the amount of TG. In good
responders, most of the fatty acid metabolites decreased with
statin treatment, however there were specific fatty acids
within the FA and LY classes that increased in concentration.
In poor responders, fewer changes were seen, and five spe-
cific metabolites increased in concentration.
In addition to metabolite concentration changes, the
mole percentages of all fatty acids within each lipid class
were used to define compositional changes within lipid
classes. This approach assigns a total class as 100% and
each fatty acid within the class is calculated as % of the
total lipid class, allowing evaluation of whether individual
fatty acids changed disproportionately within a class.
Approximately 40 metabolites were altered by drug treat-
ment in the good responders but not in the poor responders
(Supplemental data). Of metabolites that were increased
selectively in the good responders, 13 of 16 contained
saturated or monounsaturated fatty acids. Among metabo-
lites that were selectively decreased in good responders, six
were total lipid classes and 15 of 18 were PUFAs. There
were seven metabolites with mole percentages changed
similarly by treatment for both groups (Fig. 2). Four
metabolites contained arachidonic acid (20:4n6) and were
increased in both groups. The mole percentage of arachi-
donic acid increased post-treatment in all lipid classes for
both good and poor responders, although not all changes
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reached statistical significance. Changes unique to good
responders included decreased total lipid classes and
numerous phospholipid metabolites, with increases in
several saturated fatty acids.
Because the samples were selected to differentiate those
with the best or worst LDL-C response to statins, we
wanted to test which metabolites were correlated with
response. For all the correlation analyses, all subjects were
combined and analyzed as a single group. We first evalu-
ated which metabolites at baseline (concentration and
composition) were correlated with baseline LDL-C con-
centration. Baseline LDL-C showed a strong positive cor-
relation primarily with baseline metabolite concentrations
of CE and PC (Fig. 3a, q-values for measure of false dis-
covery rate: 0.07–\0.0001). With baseline mole percentage
compositional data, baseline LDL-C primarily correlated
with metabolites containing n-3 fatty acids (Fig. 3a,
q-values: 0.2–0.08). We next evaluated which baseline
metabolites, (concentration and composition), were corre-
lated with response to simvastatin treatment as measured
by LDL-C change (Fig. 4). Baseline concentrations of
specific n-6 and n-3 metabolites were positively correlated
with LDL-C response to statin treatment (Fig. 4a). In the
mole percentage data, CE and DG SFA were negatively
and DG-n6 and FA-n3 metabolites were positively corre-
lated with LDL-C outcome (Fig. 4b, q-values: 0.7 for
n mole and 0.58 for mole percentage data).
Finally, we evaluated the changes in metabolites pre- to
post-treatment that were correlated with changes in LDL-C
response to treatment. Figure 3b shows inverse correlations
between the changes in concentration of CE, PC and PE
and responses of LDL-C to treatment. Larger decreases in
metabolite concentrations were correlated with larger
responses to treatment (q-values: 0.2–\0.01). Correlations
with changes in mole percentage identified specific fatty
acid metabolites within the CE and PC lipid classes with
positive correlations with the LDL-C response to treatment.
For these metabolites an increase in the mole percentage
with simvastatin treatment was associated with a greater
LDL-C response to treatment (q-values: 0.3–0.03).
CRP was used as a marker of inflammation and a sec-
ondary outcome in this study. There were very few baseline
metabolites whose concentration correlated with baseline
CRP (Fig. 5, q-values 0.9–0.2). When evaluating baseline
composition mole percentage of lipids within major lipid
classes (mole percent), we found that saturated fatty acids
and 18:2n6 metabolites across several lipid classes corre-
lated with baseline CRP concentration (q-values: 0.3–0.07).
Baseline metabolite concentration and composition data
were correlated with the CRP response to simvastatin
treatment (Fig. 4). We found that baseline metabolite
concentrations of PE plasmalogens (dm) were positively
correlated with the treatment-induced changes in CRP
(Fig. 4), while PC plasmalogens were negatively related to
changes in CRP (q-values: 0.9–0.07). When we evaluated
mole percentage data, again we found PE plasmalogens
positively correlated with CRP outcome, although q-values
were 0.5.
Finally, we evaluated the correlations between the
changes in metabolites pre- to post-treatment and CRP
response to treatment. There were very few metabolites
whose concentration changes correlated with CRP response
to statins (Fig. 4b, q-values = 0.9). However, the mole
percentage data showed significant correlations between
changes in n6 and PUFA metabolites across lipid classes
with CRP response to treatment (q-values: 0.3–0.07).
4 Discussion
Statins are highly effective cholesterol lowering agents.
However, there is a very large inter-subject variation in the
Table 1 Demographics of
patients included in
metabolomics study
Values are mean ± SD
Good responders Poor responders P value
Total (n) 24 24 NA
Male (%) 33 33 NA
Body mass index (kg/m2) 28.5 ± 6.4 29.1 ± 5.1 NA
Race% African American 25 29 NA
% decrease in LDL cholesterol 63.1 ± 4.2 7.6 ± 9.4 \0.0001
Age (years) 60.3 ± 13.8 53.1 ± 12.4 0.0634
Initial LDL-C (mg/dl) 133.2 ± 31.9 120.1 ± 29.6 0.1451
Initial HDL-C (mg/dl) 58.2 ± 15.5 53.7 ± 18.6 0.3651
Initial ApoA1 (mg/dl) 141 ± 29.7 127.2 ± 27.4 0.0982
Initial ApoB (mg/dl) 102.6 ± 21.0 91.7 ± 21.1 0.0791
Initial total cholesterol (mg/dl) 219.5 ± 39.5 201.8 ± 32.7 0.0957
Initial CRP 3.2 ± 5.0 1.8 ± 1.9
Final CRP 2.7 ± 4.8 1.4 ± 1.7
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response to statin therapy, and the mechanisms responsible
for such variability remain poorly understood. This obser-
vation holds when outcome is defined as a cardiovascular
event or measured as a biomarker such as LDL-C or CRP.
Moreover, single biomarkers provide limited prediction for
clinical response to treatment. This study was designed to
exploit the large differences in response to simvastatin
treatment in the CAP trial and enable the development of
metabolite signatures that predict individual response to
treatment. Our primary biomarker of response to simva-
statin treatment was change in LDL-C. The study subjects
were selected to provide data at both extremes of the range
of differences seen with treatment. In addition, we used
CRP as a secondary measure of treatment response. Both
LDL-C and CRP have been shown to be predictive of
cardiovascular outcome in large statin trials, however, each
biomarker has limited predictive power for individual
cardiovascular outcome. Because this work was initiated as
a pilot study, the experimental design was to accentuate the
differences between the extremes. Additional studies are
underway to investigate the compete spectrum of response
from patients in the CAP trial. The CAP trial was selected
for the initial and the larger study so the metabolomic data
collected in these studies and the interpretation of that data
could be incorporated with the pharmacogenomic data
being collected as part of the original trial design.
Metabolomics applies powerful analytical tools that
enable mapping of biochemical pathways modified by
disease or drug treatment. In addition, metabolomic ‘‘sig-
natures’’ present in patients who do and do not respond to
drug therapy, i.e., signatures that reflect the drug response
phenotype, could lead to mechanistic hypotheses that
Fig. 1 Changes in effect of simvastatin treatment on lipid classes
post-treatment in good and poor responders with simvastatin response
defined as change in LDL-C. a Data is mean and standard deviation of
the percent difference in each lipid class post-treatment. b Heat map
showing quantitative changes (nmol/g) in lipids post-treatment with
simvastatin in poor responders, (top) and in good responders (bottom).
The column headers indicate fatty acid metabolites as they appear in
each distinct lipid class (rows). Lipids whose percent levels were
significantly (P B 0.05) higher post- versus pre-treatment are shown
in red while those with significantly (P B 0.05) decreased level are
shown in green with the brightness of each color corresponded to the
magnitude of the difference in quartiles with the brighter the square,
the larger the difference
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provide insights into the underlying basis for individual
variation in drug response. This study defines global effects
of simvastatin on metabolite concentrations and distribu-
tion within multiple lipid classes.
The largest treatment effects induced by simvastatin
were decreased total lipid class changes (Fig. 1). The
changes in some lipid classes have been studied previously
(Simon et al. 2006; Ozerova et al. 2001), but no detailed
map has been established that provides all of the concen-
tration and composition of fatty acids within each lipid
class. Because our samples were selected from individuals
who were among the highest or lowest responders for
changes in LDL concentration, it is not surprising that there
were large changes in CE and FC in the good responders
group while there were limited changes in the poor
responders.
Other changes that were not expected included decrea-
ses in phospholipids PC and PE which have key roles
in lipoprotein membrane structure and function. The
concentration of PC, in particular, was closely correlated
with the concentration of CE (R2 = 0.479, data not
shown). We found the relationship between PC and CE
concentrations held for both good and poor responders and
pre- to post-treatment. We would expect this result if the
changes in PC and PE concentration were in response to
therapy-induced changes in cholesterol concentration.
While simvastatin has been postulated to directly decrease
the synthesis of phospholipids (Yanagita et al. 1994), the
close relationship between CE and PC indicates potential a
secondary effect of cholesterol synthesis on phospholipids
rather than a direct effect of simvastatin.
Precursor/product ratios were used to estimate changes
in the production of specific metabolites. Good responders
had a significant increase in the ratio of 20:4n6/20:3n6.
This ratio was used as a measure of delta-5 desaturase
activity. Simvastatin treatment has been shown to increase
the activity of delta-6 and delta-5 desaturases via SREBP
resulting in increased formation of arachidonic acid from
linoleic acid (18:2n6) (Rise et al. 2007). In this study, only
good responders had a statistically significant increase in
delta-5 desaturase product/substrate ratios (20:4n6/20:3n6),
yet both the good and the poor responders had significant
increases in the mole percentage of arachidonic acid within
multiple lipid classes (Figs. 2, 6). In addition, the good
responders had decreased mole percentages of 18:2n6
across multiple lipid classes, again emphasizing the
increased activation of the metabolic pathway. Previous
research has shown the decreased linoleic acid and
increased arachidonic acid could be the result of increased
delta-5 and delta-6 desaturase activities in response to
simvastatin treatment (Jula et al. 2005; Rise et al. 2007;
Rise et al. 2001). However, the previous published research
did not differentiate either between lipid classes or between
good and poor responders. Good responders appeared to
have had a much stronger increase in the use of linoleic
acid for the production of arachidonic acid than the poor
responders, and this effect was detected in both PC and TG
(Fig. 6).
Interestingly, PC18:3n3 and TG18:3n3 were also
decreased in good responders with statin treatment. The
same hepatic enzymes that modify n6 fatty acids will also
desaturate and elongate 18:3n3–22:5n3 and 22:6n3. In the
good responders, we did find a significant increase in the
percentage of PC22:6n3, but not TG22:6n3, perhaps
reflecting the lower concentration and percentage of this
metabolite in TG. This study demonstrates that the changes
in desaturation and elongation of PUFAs were more pro-
nounced in good responders, but were also present in the
poor responders (Figs. 2, 5).
Differences in the composition of CE, specifically CE
palmitic (16:0) and arachidonic acid and the ratio of 16:0/
20:4n6, have been associated with atherosclerotic potential
Fig. 2 Heat maps showing compositional changes within lipid
classes (mole percentage changes) post-treatment with simvastatin.
a Data were sorted to select metabolites that were significantly
(P B 0.05) changed pre- to post-treatment in the same direction for
both good and poor responders. b Data were sorted to select
metabolites that were significantly (P B 0.05) changed pre- to post-
treatment in good responders only. Metabolite changes are listed on
the right. Lipids whose percent levels were higher post- versus pre-
treatment are shown in red while those with decreased level are
shown in green; see Sect. 2 for details with the brightness of each
color corresponded to the magnitude of the difference in quartiles
with the brighter the square, the larger the difference
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and risk of coronary disease (Liu et al. 1995; Messner et al.
1998; Sundstrom et al. 2001; Ma et al. 1997; Lee et al.
2004). Studies have indicated a relationship between CE
composition and insulin resistance or metabolic syndrome,
known risk factors for CVD (Moilanen et al. 1986; Klein-
Platat et al. 2005). In this study, the ratio of CE16:0/20:4n6
was similar in both good and poor responders pre-treatment
(1.57 ± 0.42 and 1.52 ± 0.28, respectively), and changed
significantly post-treatment, but the ratio decreased more in
the good responder group (good 1.22 ± 0.27 (P \ 0.0001)
and poor 1.38 ± 0.29 (P = 0.0066) responders).
We used correlation analysis to evaluate which baseline
metabolites were related to pre-treatment LDL-C concen-
trations and which changes in metabolites were related to
LDL-C response to statins. Strong correlations with CE and
PC metabolites were found for both the baseline correlations
and the change in concentration correlations. These changes
confirm our observation that the amount of lipoprotein
cholesterol at baseline influences the amount of response to
simvastatin. Of interest is the observation that the baseline
mole percentages of EPA (20:5n3) and DHA (22:6n3) are
positively correlated with the baseline concentrations of
LDL-C. This may reflect a dietary effect on cholesterol
concentrations.
Simvastatin treatment may reduce inflammation inde-
pendent of its effects on cholesterol biosynthesis (Sotiriou
and Cheng 2000). Changes in cytokine biomarkers of
inflammation and eicosanoid products have been identi-
fied with statin treatment (Cipollone et al. 2003). As statin
treatment has anti-inflammatory effects, the rise in the
proinflammatory substrate, arachidonic acid, in many lipid
classes is interesting. This may reflect a decreased use of
this fatty acid for synthesis of inflammatory lipids. Since
the increased compositional changes in arachidonic acid
were found in both the good and poor responders, if this
effect is real, it is likely that the anti-inflammatory effects
of simvastatin occur in both groups. CRP was measured
in the CAP study, but the results were not presented in
the original paper. We used CRP as a marker of inflam-
mation in this study, hypothesizing that both groups
would have differences in inflammation and that the
inflammation-induced changes in lipids would be inde-
pendent of LDL-C-related changes. The absolute magni-
tude of the change in CRP was of similar magnitude for
Fig. 3 Correlation between LDL-C and metabolite concentration and
composition. Heatmaps show significant (P B 0.05) metabolite
correlations with LDL-C concentration at baseline and post-treatment
with simvastatin treatment. Fatty acids are listed on the left side of
each heat map with lipid classes listed across the top. Each square
represents a correlation between the metabolite and LDL-C. a Base-
line metabolite concentrations (nmol/g, left side) or mole percentages
(right side) correlated with baseline LDL-C concentration, b Change
in metabolite concentrations (nmol/g, left side) or lipid composition
(mole percentage changes right side) pre- to post-treatment correlated
with LDL-C response to treatment. Blue is a positive correlation and
yellow is a negative correlation. The darkness of each color
corresponds to the magnitude of the difference in quartiles of the
Spearman correlation coefficient with the darker the square, the larger
the difference
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both groups (Table 1); however the relative percentage
change was higher in the poor responders than the good
responders (22% vs. 15%, respectively). Because these
subjects were selected based their change in LDL-C with
statin treatment, the change in CRP is biased towards
good or poor LDL-C response.
Correlations between metabolites and CRP were used to
evaluate the relationships between the metabolites and
inflammation. We found a clear positive relationship
between the mole percentage of 16:0 in several lipid
classes and CRP, and a negative relationship between lin-
oleic acid and CRP at baseline. Saturated fatty acids have
been associated with increased inflammation and increased
linoleic acid is known to decrease inflammatory markers
(Ferrucci et al. 2006). This analysis thus confirms the
known relationships between lipid metabolism and
inflammation in our subjects. For each of the correlation
analyses, there was virtually no overlap in the metabolites
correlated with CRP and those correlated with LDL-C,
consistent with the finding that the change in CRP was
independent of the change in LDL-C.
Finally, we sought baseline metabolites that predicted
the outcome of statin treatment, either LDL-C or CRP.
Metabolites whose concentration was most predictive of
LDL changes were PC18:2n6 and related PC lipid families,
CE18:1n7, and FA18:3n3 and the related FAn3. The PC
and CE metabolites were also correlated with baseline LDL
concentrations. Since baseline LDL concentrations were
also predictive of response, we assume that these metab-
olites are indicative of the initial status of the subjects
rather than being purely predictive of the change in LDL.
For the metabolites whose mole percentage was predictive
of LDL changes, the strongest correlations both positive
and negative were found in the DGs. DGs were not pre-
dictive of baseline LDL and therefore may represent a
more selective marker to predict the response to statin
treatment. The DG may reflect the overall amount of lipase
activity in the system and the uptake and release of lipids
by peripheral tissues.
Of the metabolites whose concentration was most pre-
dictive of CRP changes, five were plasmalogens, and the
others were PC and CE metabolites. Plasmalogen and PC
metabolites were also most strongly predictive of CRP
response when expressed in terms of lipid composition
(mole percentage). Plasmalogens are ether-linked phos-
pholipids characterized by a vinyl aldehyde at the first
position of the glycerol backbone (Lessig and Fuchs 2009),
and an ester-linked fatty acid in the second position.
Plasmalogens function as reservoirs for second messenger
fatty acids such as arachidonic acid and DHA, and have
been postulated to act as antioxidants (Engelmann et al.
1994; Hahnel et al. 1999; Lessig and Fuchs 2009). Plas-
malogen concentrations decrease with age and have been
identified with inflammatory-related diseases such as ath-
erosclerosis and Alzheimer’s disease (Goodenowe et al.
2007; Farooqui et al. 2006; Lessig and Fuchs 2009).
Baseline PE plasmalogen concentrations were positively
correlated with the response to simvastatin treatment, i.e.
the higher the concentration of plasmalogens at baseline,
the greater reduction in CRP with simvastatin treatment.
Concurrently, PC plasmalogens were negatively correlated
with CRP response to treatment. Since baseline plasmalo-
gen concentrations were not correlated with baseline CRP
concentrations, we assume that we are not seeing the
relationship between baseline inflammation and response
to treatment, rather that plasmalogens are predictive of the
ability of the system to decrease inflammation in response
to statin treatment. Plasmalogens as a class, (concentrations
or mole percentages), did not respond to treatment differ-
ently between good and poor responders nor did CRP. The
changes in CRP and perhaps other inflammatory molecules
in these subjects appear to be independent of most
metabolites, but may be related to changes in both ara-
chidonic acid and plasmalogen concentrations. From these
preliminary studies, we are unable to tell whether this anti-
inflammatory effect would be enough to reduce the risk of
CVD in the poor responders. The results of this study
emphasize the need to analyze the full range of treatment
responses rather than the mean effect of treatment across
all subjects. Additional studies to investigate the effects of
Fig. 4 Baseline metabolites which correlate with LDL-C or CRP
response to treatment. Sorted heat maps showing metabolite concen-
tration (nmol/g) (a) or (b) lipid composition within classes (mole
percentage) b that are predictive of changes in LDL-C or CRP
(P B 0.05). Metabolites are listed on the left side of each sorted heat
map. Each square represents a correlation between the metabolite and
LDL-C or CRP. Blue is positive and yellow is negative correlation.
The darkness of each color corresponds to the magnitude of the
difference in quartiles of the Spearman correlation coefficient with the
darker the square, the larger the difference
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simvastatin treatment on concentrations of the inflamma-
tory lipids and cytokines in good and poor responders are
underway.
The limitations of this study include the relatively small
sample size, the likelihood of type 1 errors due to multiple
testing although we have corrected to the degree possible
by use of q values, use of a single statin and a single dose,
and the possibility, as suggested in a recent report
(Laaksonen et al. 2006) that metabolomic profiles can
differ among individual statin drugs. Hence the present
findings require confirmation in larger studies employing
other statins. The major changes in the lipid profiles
identified in this study, such as the total lipid classes and
cholesterol changes, as well as changes in inflammation
related pathways, could be shared among different mem-
bers of the statin family of drugs. This is currently being
investigated in larger studies and where simvastatin is
compared to pravastatin.
5 Concluding remarks
The findings of this study point to the potential utility of
metabolomic surveys for identifying downstream effects
of HMG CoA reductase inhibition as well as predictors of
clinical response that may have implications for assessing
Fig. 5 Correlations between CRP and metabolite concentration and
composition. Heat maps show significant (P B 0.05) metabolite
correlations with CRP concentration. Fatty acids are listed on the left
side of each heat map with lipid classes listed across the top. Each
square represents a correlation between the metabolite and CRP. a
Baseline metabolite concentrations (nmol/g, left side) or mole
percentages (right side) correlated with baseline CRP, b Change in
metabolite concentrations (nmol/g, left side) or mole percentages
(right side) pre- to post-treatment correlated with CRP response to
treatment. Blue is a positive correlation and yellow is a negative
correlation. The darkness of each color corresponds to the magnitude
of the difference in quartiles of the Spearman correlation coefficient
with the darker the square, the larger the difference
Fig. 6 Metabolic pathway changes with simvastatin treatment in
subjects segregated by response to LDL-C. Ratios of precursor/
products in TG and PC lipid metabolites were used to estimate
changes in the metabolic pathways for biosynthesis of n6 fatty acids
pre- to post-treatment with simvastatin in good and poor responders.
The enzyme activities were estimated utilizing the product/precursor
ratio as described in the Sect. 2. Ratios which were significantly
(P B 0.05) higher post- versus pre-treatment are shown in red while
those significantly (P B 0.05) decreased are shown in green
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both efficacy and toxicity of this widely use class of drugs.
This integration of metabolomics, in this case lipid profil-
ing, into pharmacogenomic research can significantly
enrich the information derived from the experiment and
provide further avenues of research. The biochemical maps
that reflect total effects of statins if correlated with clinical
outcome in cardiovascular disease trials could provide
novel insights into the therapeutic effects of this important
class of drug.
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